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Abstract

Exposure-response (E-R) analyses are an integral component of understanding
the benefit/risk profile of novel oncology therapeutics. These analyses are typi-
cally conducted using data from the treatment arm to characterize the relation-
ship between drug exposure (low vs. high) and efficacy or safety outcomes. For
example, outcomes of patients with lower exposure in the treatment arm (e.g.,
Q1) might be compared to outcomes of those with higher drug exposure (Q2,
Q3, and Q4). Outcomes from the lowest exposure quartile may be also compared
to the control arm to evaluate whether the Q1 subgroup derived clinical benefit.
However, the sample size and the distribution of patient baseline characteristics
and disease risk factors are not balanced in such a comparison (Q1 vs. control),
which may bias the analysis and causal interpretation of clinical benefit in the Q1
subgroup. Herein, we report the use of case-control matching to account for this
bias and better understand the E-R relationship for avelumab in urothelial carci-
noma, a PD-L1 inhibitor approved for the treatment of several cancers. Data from
JAVELIN-100 was utilized which is a phase III study of avelumab in first-line
maintenance treatment in patients with urothelial carcinoma; this clinical study
demonstrated superiority of avelumab versus best-supportive care leading to ap-
proval in the United States, Europe, and other countries. A post hoc case-control
matching method was implemented to compare the efficacy outcome between Q1
avelumab subgroup and matched patients extracted from the control arm with
similar baseline characteristics, which showed a clinically relevant difference
in overall survival in favor of the Q1 avelumab subgroup. This analysis demon-
strates the importance of accounting for imbalance in important baseline covari-
ates when comparing efficacy outcomes between subgroups within the treatment
arm versus the control arm.
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Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?

Exposure-response (E-R) analysis for oncology drugs could be confounded by the
baseline disease risk factors. When comparing the clinical benefit in patients with
low exposure versus the control subjects, these disease risk factors may bias the
causal relationship between exposure and clinical benefit.

WHAT QUESTION DID THIS STUDY ADDRESS?

Are the patients with urothelial carcinoma in the low avelumab exposure sub-
group benefiting from the treatment compared to the control subjects?
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?

Case-control matching can be used in the context of E-R analysis to balance the
distribution of baseline risk factors between groups. Using this approach, the bias
introduced by disease risk factors can be addressed and the causal relationship
between exposure and clinical benefit can be assessed.

HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT,
AND/OR THERAPEUTICS?

Case-control matching can be implemented to account for the imbalance in im-
portant baseline covariates, enabling a direct assessment of the causal effect of the
exposure on outcome.

INTRODUCTION

Development of new treatments for oncology indications
have traditionally been expedited given the unmet need.
However, this often hampers robust dose exploration ef-
forts as the exploration of the relationship between dose/
exposure and clinical outcomes (efficacy or safety) are lim-
ited to small cohorts within the dose escalation stages with
heterogenous patient populations and cancer types. The
US Food and Drug Administration's (FDA's) Project OPTI-
MUS' advocates for re-assessing dose selection strategies
for oncology compounds and recommends randomized
dose-finding trials as a preferred approach for dose opti-
mization given that the maximum tolerated dose (MTD)
might not be adequate for targeted therapies.* Still, a sin-
gle dosing regimen, the MTD or the highest tested dose,
has been traditionally evaluated in pivotal studies.*”

Exposure-response (E-R) characterization is at the
heart of supporting dose selection.”® The utility of E-R
analysis for pivotal oncology studies is limited as they
mainly utilize a single dosing regimen. The exposure
range observed in these studies is narrow with most of the
exposure variability attributed to between subject phar-
macokinetic (PK) variability rather than to different doses.
Therefore, these analyses have limitations to provide ad-
ditional insight whether the selected regimen is optimal
to maximize the desired efficacy and minimize unwanted
toxicities. However, characterizing the E-R relationship
for such studies is still necessary for understanding the
relationship between exposure and safety or efficacy end
points in the exposure range evaluated.

The characterization of the relationship between drug
exposure and other factors (e.g., patient's baseline char-
acteristics, disease status, etc.) with clinical outcomes is
often conducted within the treatment arm only (i.e., the
control arm is excluded from the E-R analysis given the
lack of exposure from the investigational treatment).
There is a challenge with conducting E-R analysis only
within the treatment arm; the disease risk factors may not
only affect efficacy but could also impact drug exposure
(baseline-driven ER relationship).” The clinical response
itself may also affect exposure (response-driven ER rela-
tionship). This may result in artifactual E-R relationships
that do not necessarily represent the true relationship
between drug exposure and the observed response.'®!
Although this could be evaluated in a multivariate regres-
sion analysis to address the interplay among exposure,
disease risk factors, and response (efficacy or safety); the
multivariate analysis might lead to false conclusions due
to incorrect assumptions from the structural model (for
example, linear models or models assuming proportional
hazards which may be violated in oncology).'* Moreover,
decoupling the exposure-driven and baseline-driven E-R
using the multivariate analysis is only possible when data
from multiple randomized dose levels is available because
when only one dose level is studied, often baseline risk
factors and exposure are highly correlated.’

Data from the control arm contains valuable informa-
tion about important baseline and disease characteristics
to contextualize the E-R relationship. There are cases
where patients in the treatment arm are classified based
on exposure (e.g., low to high exposure quartiles) and
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clinical outcome is compared to the control arm. For ex-
ample, if the treatment was shown to provide clinical ben-
efit versus control, confirmation of clinical benefit in the
Q1 subgroup versus control would be useful. This compar-
ison needs to account for the difference in the distribution
of patient characteristics and disease risk factors and sam-
ple size between Q1 and the control arm. Case-control
matching is a systematic way to address such issues."
Although the use of case-control analysis is popular in
observational studies, their use in E-R analyses has rarely
been reported.""'* The implementation of case-control
matching for E-R analysis for the first time was reported
by Wang et al."! for patients with metastatic gastric can-
cer (mGC) to reduce the bias introduced by confounding
risk factors through balancing them between the Q1 ex-
posure quartile of the treatment arm (i.e., trastuzumab +
chemotherapy) and the control arm. After performing the
case—-control matching, the results indicated that the sur-
vival curve of the patients in the Q1 subgroup overlapped
with the matching control group, suggesting that patients
in the Q1 trastuzumab subgroup did not benefit from the
addition of this drug to the chemotherapy backbone. This
analysis supported the FDA recommendation on conduct-
ing postmarketing evaluation to determine whether a dos-
ing regimen with higher exposure would result in survival
improvement."

Herein, we report the application of case-control
matching for exposure-efficacy analysis for avelumab,
a PD-L1 inhibitor approved for the treatment of several
cancers. Data from the JAVELIN-100 was utilized in our
analysis. JAVELIN-100 is a phase III study of avelumab in
first-line maintenance treatment in patients with urothe-
lial carcinoma. The study demonstrated superiority of
avelumab + best supportive care (BSC) versus BSC alone
in patients with urothelial carcinoma (UC). An E-R anal-
ysis was previously conducted to explore the correlation
of avelumab exposure with efficacy and identify import-
ant baseline covariates. However, data from the control
arm was not used in this analysis.'® The current work de-
scribes a systematic approach for case-control matching
for exposure-efficacy analysis by (a) characterizing key
disease risk factors for matching, (b) assessment of differ-
ent case—control matching approaches, and (c) evaluation
of the clinical benefit in the Q1 avelumab subgroup versus
the matched subgroup from the control arm.

METHODS
Study design

Data used in this work is from the JAVELIN-100, a
phase III, randomized, open-label study comparing
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avelumab+BSC versus BSC alone in adult patients
with unresectable locally advanced or metastatic UC
after completion of first-line induction platinum-based
chemotherapy (JAVELIN-100 ClinicalTrials.gov num-
ber, NCT02603432). Patients were randomized in a 1:1
ratio into two arms (total 700 patients, ~350/arm). Arm A
(treatment arm): avelumab intravenous (i.v.) infusion at a
dose of 10mg/kg once every 2weeks (q2w) together with
BSC versus arm B (control arm): BSC alone (i.e., patients
were cared for as deemed appropriate by the treating phy-
sician with no active antitumor therapy)."”

Exposure-response analysis

The E-R relationship was evaluated using a parametric
time-to-event (TTE) model. For the base model develop-
ment, the distribution of survival versus time was assessed
(in the absence of covariates). Then, potential influential
covariates, including exposure, laboratory, and clinical
covariates, were selected based on graphical exploration.
These covariates were later evaluated in the TTE model
using the stepwise covariate model (SCM) building proce-
dure approach to form the final model.'®

Avelumab exposure metrics were evaluated individu-
ally. To avoid the impact of disease response on avelumab
clearance, early avelumab exposure metrics (e.g., first-
dose area under the curve [AUC], cycle 1day 15 trough
concentration [Cigugn, cimisl, first-dose clearance, and
first-dose amount) were estimated using the population
PK (PopPK) approach and used as exposure metrics in the
E-R (overall survival [OS]) analyses using a univariable
approach to identify the most appropriate exposure met-
ric. The selected exposure metric was subsequently eval-
uated in multivariate analyses leading to the selection of
the final model.'®

To contextualize the E-R relationship with the control
arm, subjects in the treatment arm were stratified by ave-
lumab exposure quartiles and the Kaplan-Meier (KM)
curves were compared within the different exposure quar-
tiles and with the control arm.

A directed acyclic graph (DAG) was developed using
DAGitty, which is a browser-based environment for cre-
ating casual diagrams.'® The DAG depicts causal relation-
ships among dose, exposure, and the outcome of interest
(OS). It also represents the relationship between import-
ant covariates and both exposure and OS. In causal DAG
schematics, variables are represented as nodes and depen-
dence structure between them are shown with arrows."
Confounding relationships (i.e., those affecting both expo-
sure metric and the outcome) are shown in red arrows.
The impact of factors affecting only PK parameters are
shown in black arrows. Assumptions made to simplify the
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initial “complete” DAG into intermediate and then final
DAGs were outlined.

Case-control matching analysis
Covariate selection

The first step in case-control matching is selecting appro-
priate covariates. In our analysis, we evaluated the covari-
ates that were determined to be significant contributors
to the OS in a parametric TTE model as described above.

Selection of distance measure

Selected covariates were used to compute the “distance,”
which is a measure of similarity between two individu-
als from different groups (i.e., one from the avelumab Q1
group and another from the control arm) for the identi-
fied set of covariates. Propensity scores, a commonly used
metric for distance measure, summarize all the covariates
into one scalar, defined as the probability of receiving one
of the treatments being compared, given the measured co-
variates. It allows the construction of matched subgroups
based on a similar distribution of covariates without re-
quiring close or exact matches on all individual variables.*
If two individuals share similar propensity scores, they
are considered ‘matched’.'® Logistic regression, the most
common method for calculating the propensity score, was
utilized in this analysis.®> The other method to measure
the distance in the current analysis was the Mahalanobis
metric. The Mahalanobis metric calculates the distance
in a multidimensional space, which generally is used for
continuous variables and with relatively few covariates.

Selection of matching methods

To enable equal number of subjects between Q1 and
control group, case-to-control ratio was set to 1:1 (i.e.,
exactly 1 match from the control group was required for
each subject in the treatment group). In this analysis,
both greedy and optimal matching methods were per-
formed using the distance measures mentioned above
(a) nearest neighbor matching as the greedy matching
method, where the first subject of the control group
that meets the criteria for matching is selected, and (b)
optimal matching where the overall set of matches are
considered to minimize a global distance measure."
To choose the best matching method, the percent im-
provement in the standardized difference between the
treatment and control group before and after matching

was calculated for each covariate. Case-control match-
ing analysis was conducted in the MatchlIt package in R
programming language, version 3.6.1 (R Foundation for
Statistical Computing).*!

Investigating the quality of the matching

Graphical and numerical diagnostic approaches were
used to investigate the quality of matching from each
method. For graphical diagnostics, histograms (continu-
ous variables) and bar graphs (categorical variables) were
evaluated before and after matching. Numerical balance
diagnostics were conducted via “standardized difference”
to check the covariate balance. Standardized difference
(d) is the difference in means of each covariate, divided by
the standard deviation of the covariate in the treated and
untreated groups, as defined in the following equations.
For continuous covariates:

X - X
d= treatment control x 100,

S2 +52

treatment control

2

where X is the sample mean of the covariate in the treat-
ment and control groups and S* denotes the sample variance
of the covariate in the treatment and control groups.

For categorical covariates:

~

P

P
treatment —
d=

\/Ptreatment (1 - Ptreatment) +Pcontr01 (1 - Pcontrol)

2

control

% 100,

where P is the prevalence or mean of the categorical covari-
ate in the treatment and control groups.

Unlike many other statistical tests of hypothesis, the
standardized difference is not influenced by sample size,
which is useful for investigating the quality of matching
given that through the matching process, many subjects
(that are not a good match) will be removed from the anal-
ysis resulting in different sample sizes before and after
matching. Additionally, different matching methods would
result in different sample sizes in the matched group.

Other statistical tests were applied before and after
matching to investigate the covariate balance and confirm
adequate covariate matching (i.e., t-test for the continuous
variables and Fisher Exact test for the categorical variables).

Survival analysis

The OS in the lowest avelumab exposure group and their
matched subjects from the control group were graphically
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evaluated via KM survival plots. Hazard ratio and 95%
confidence intervals (CIs) were also reported for different
subgroups using the Cox proportional hazards regression
model in Survival package within R. The assumption of
hazard proportionality was evaluated via assessment of
Schoenfeld residuals.

RESULTS
Study design and patient characteristics

A total of 700 patients (N=350 from the avelumab +
BSC arm and N=350 from the BSC alone arm) were
enrolled in the JAVELIN-100 study. Randomization
was stratified according to the best response to first-
line chemotherapy (complete or partial response (CR/
PR) vs. stable disease) and to the metastatic site when
first-line chemotherapy was initiated (visceral vs. non-
visceral). The study met its primary end point by dem-
onstrating that the addition of avelumab to BSC resulted
in a significantly longer OS versus BSC alone. The me-
dian OS was 21.4 months (95% CI: 18.9-26.1) in the ave-
lumab + BSC arm, and 14.3 months (95% CI: 12.9-17.9)
in the BSC alone arm, stratified hazard ratio for death,
0.69 (95% CI, 0.56-0.86); p=0.001."7

Identification of covariates of interest

The early exposure metrics including first-dose AUC,
Cirough, c1p1s» first-dose clearance, and first-dose amount
were evaluated in the OS base model using a univariable
approach to select the most significant exposure metric for
stratification. The early exposure metrics (exposure met-
rics derived from the first dose) were used to minimize the
limitations of the assumed dependence between steady-
state exposure metrics and response/post-treatment ef-
fects; exposure metrics derived from the first dose are more
consistent with the true E-R relationship than steady-state
exposure metrics. Avelumab Ciquen, c1p1s Was identified
as the most appropriate exposure metric.'® The potential
covariates of interest were selected based on the graphi-
cal exploration. Covariates of interest that were identi-
fied as potentially influential in the previous step were
evaluated in the parametric TTE model using the SCM
approach; the following covariates were included in the
final model: PD-L1 status (yes/no defined by >25% base-
line expression), baseline metastasis (nonvisceral versus
visceral), which was one of the stratification factors of the
study, log of baseline lactate dehydrogenase (LDH), and
baseline hemoglobin (BHGB). All four identified covari-
ates were included in the case-control matching analysis

ASCPT

as significant effect modifiers to OS. In both the treatment
and control arms, a trend was observed between lower
baseline LDH, higher BHGB, positive PD-L1 expression,
and nonvisceral baseline metastasis with higher probabil-
ity of OS. The second stratification factor (best response
to first-line induction chemotherapy [CR/PR vs. SD]) was
not significant in the parametric time-to-event model
using the SCM approach and was not included in the
final model. After screening the subjects for the four co-
variates listed above, the patients whose PD-L1 status was
missing were removed from the analysis which resulted
in 328 patients in the treatment (avelumab + BSC) arm
and 301 patients in the control (BSC only) arm. The pa-
tients in the lowest quartile of Cyoyen, c1p15 (N=82) were
extracted from the treatment arm. A summary of baseline
characteristics of patients in the lowest exposure quartile
(Q1, N=82), the patients in the remaining higher expo-
sure quartiles (Q2-4, N=246), the whole treatment arm
(N=328), and the whole control arm (N=301) are pre-
sented in Table 1. Some of the identified baseline covari-
ates (e.g., metastatic site, PD-L1 status, and baseline LDH)
demonstrated a certain degree of imbalance between Q1
and the control arm. Moreover, the level of imbalances
differs between covariates.

ER assessment for overall survival before
matching

The OS for patients in the avelumab+ BSC arm stratified by
avelumab higher and lower exposure groups was compared
to the control arm and is shown in Figure 1. The median
OS was 24.1months in the higher exposure groups (Q2-4)
and 14.8 months in the control arm (hazard ratio for death:
0.63, 95% CI: 0.49-0.81, p=0.0003), indicating that higher
avelumab exposure is associated with longer OS. However,
there is a significant overlap of curves for patients in the Q1
avelumab group and the control arm (hazard ratio for death:
0.95, 95% CI: 0.66-1.3, p=0.772). The seemingly overlap-
ping survival curves might suggest less clinical benefit in the
Q1 avelumab group compared to the control arm. However,
as shown previously,'® several factors may confound the
interpretation of exposure-OS results, including imbalance
of baseline health status between the Q1 avelumab group
and the control arm. An initial “complete” DAG was devel-
oped to represent the causal relationships among avelumab
dose, exposure, relevant covariates, and OS (Figure 2a).19
The relationship between dose and OS is assumed to be
mediated via Cyoygn, c1p1s- Significant covariates on PopPK
parameters (e.g., body weight on clearance) are demon-
strated. Clinically relevant covariates on OS (i.e., metastatic
site, PD-L1 status, baseline hemoglobin, and baseline LDH)
were included as contributors to the outcome, OS. Baseline
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TABLE 1 Summary of patient's characteristics (significant covariates).
Combined second Treatment
First quartile to fourth quartiles arm Control arm
Baseline covariates N=82 N=246 N=328 N=301
Metastatic site, n Nonvisceral 33 (40%) 118 (48%) 151 (46%) 136 (45%)
Visceral 49 (60%) 128 (52%) 177 (54%) 165 (55%)
PD-L1 status, n Positive 49 (60%) 140 (57%) 189 (58%) 169 (56%)
Negative 33 (40%) 106 (43%) 139 (42%) 132 (44%)
Baseline hemoglobin, g/L Mean 118.10 118.23 118.20 117.02
SD 14.27 13.98 14.03 13.81
Median 117.00 117.00 117.00 117.00
Range 85.00-150.00 88.00-159.00 85.00-159.00 10.90-155.00
Baseline lactate dehydrogenase, IU/L Mean 282.22 258.59 264.50 257.60
SD 176.04 109.09 129.22 123.08
Median 224.00 222.00 222.00 225.00
Range 113.00-1341.00 113.00-968.00 113.00-1341.00  77.00-1680.00
FIGURE 1 Kaplan-Meier overall
1.00 N . .
Median Overall Survival (95%C1) survival plot. For patients in arm
month A (avelumab+ BSC), stratified by
= Control 14.8 (13.5-18.7)
— a1 18.4 (12.0-NE) avelumab exposure (cycle 1day 15 trough
— 4 24:1(20.0-NE) concentration) quartiles and arm B (BSC)
0.75 control. BSC, best-supportive care; CI,
confidence interval; NE, not estimated.
Z
=
2
<4
Q. 0504
s
2
c | AUV R
=1
)
0.25
Hazard ratio (95%Cl)
Q1 vs control 0.95 (0.66-1.35), P= 0.772
Q2-4 vs control 0.63 (0.49-0.81) , P=0.000329
0004 *NE: Could not be estimated
0 6 12 18 24 30
Time (months)
Control 301 234 133 72 36 11 1
Q1/Avelumab 82 60 36 20 8 3 0
Q2-Q4/Avelumab 246 217 152 96 42 1 3

Numbers at risk

disease characteristics is assumed to affect both clearance
(i.e., Cirougn, c1p15) and the four clinically relevant covariates
on OS. This may confound the E-R relationship as demon-
strated via red arrows. Although baseline tumor burden was
not a significant covariate in the E-R-efficacy analysis, its
impact on OS is displayed based on the plausible relation-
ship, which may confound the E-R relationship as demon-
strated via a red arrow.

Assumptions to further simplify the initial DAG in to
an intermediate DAG include: (a) covariates on PKs are
accounted for via the use of individual PopPK model
predictions of Ciyough cip15 (Figure 2b), (b) the impact of
baseline tumor burden on OS was considered negligible
based on the results of the E-R-efficacy analysis, and (c)
case—control matching accounted for the confounding
effect of the clinically relevant covariates and minimized
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the bias when comparing similar populations between
avelumab Q1 and the matched control group (Figure 2c).
This enables a direct assessment of the causal effect of
Cirough, c1p1s 00 OS, which is the main objective of this
analysis (Figure 2d).

Case-control matching

Propensity score and Mahalanobis methods for distance
measure calculation combined with several matching
methods were explored using the Matchlt package in
R to perform a 1:1 matching, which would result in the
extraction of 82 patients from the control arm that best
match the 82 patients in the Q1 treatment group. Ma-
halanobis metric was selected as the distance measure
as it performs the best when there are a few covariates in
the analysis to match on. This distance measure was then
used as the measure of closeness/similarity to conduct the
case matching exercise using different methods (greedy
and optimal). Nearest neighbor matching (as the greedy
method) and optimal full or pair matching (as the optimal
method) were performed and the percent improvement in
the standardized difference between the Q1 treatment and
control group, before and after matching was calculated
for each covariate. Although the balance between most
covariates improved using the nearest neighbor match-
ing, optimal pair matching had the best results in terms
of decreasing the standardized difference after match-
ing. So, the nearest neighbor matching was not further
investigated.

As mentioned above, the optimal full matching is a
form of optimal pair matching where the participants in
either the control or treatment groups will be matched to
one or more individuals in the opposite group. To perform
a 1:1 matching, a limit for the minimum and the maximum
number of control subjects were specified in the code (i.e.,
set to 1) for the optimal full matching. After applying this
limit to the optimal full matching, matching resulted in
the same outcome as the optimal pair matching. Using
the Mahalanobis optimal matching, 100% improvement in
balance was observed in three (out of 4) covariates investi-
gated so it was selected as the best matching method based
on the percent improvement in standardized difference
values for covariates. T-test and Fisher Exact test were
performed for continuous and categorical variables, re-
spectively, to compare the p value before and after match-
ing. The p values along with the percent improvement in
standardized difference are presented in Table 2. Better
matches resulted in higher p value and percent improve-
ments for each covariate. Finally, the survival analysis was
performed with the matches that were obtained from the
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nearest neighbor matching using the Mahalanobis as the
distance measure.

E-R analysis for overall survival
after matching

The KM curves for the Q1 group and their matched
control patients, as well as remaining exposure groups
(Q2-4) and the remaining control patients, are presented
in Figure 3. A considerable separation in OS curves of Q1
and their matched control is observed. The median OS was
18.4months in the Q1 avelumab group and 12.1 months in
the matched control group (hazard ratio for death in Q1
vs. matched control group is 0.73; which is consistent with
that in the remaining avelumab versus remaining control
[0.7]), indicating that even the patients in the lowest quar-
tile of avelumab exposure are benefiting from the treat-
ment compared to the control.

DISCUSSION

When performing E-R analysis for oncology drugs, these
relationships might be confounded by baseline factors and
response to treatment.® The potential association between
drug exposure, baseline factors, and efficacy may result in
an artifactual E-R relationship suggesting that higher expo-
sure leads to better efficacy. However, this does not neces-
sarily represent a causal link between exposure and efficacy
and may lead to incorrect dose recommendations.'®!! This
is particularly true for oncology drugs where traditionally
only a limited number of patients per dose level are evalu-
ated in dose escalation studies with no dose ranging phase
II studies. Disentangling the relationship among drug expo-
sure, baseline factors, disease characteristics, and tumor re-
sponse might be feasible with data from wide range of doses.

Randomization is the gold standard to balance import-
ant baseline factors known to affect the outcome between
the treatment and control arms of a clinical trial.** Typi-
cally, in a controlled study, only subjects from the treatment
arm are included in the E-R analysis, as these subjects can
be classified based on drug exposure (e.g., Q1 to Q4 of AUC,
Ciroughs OF Other exposure metrics). In several cases, espe-
cially for monoclonal antibodies, the Q1 subgroup might
not be perceived to derive sufficient clinical benefit ver-
sus the control arm. Classification based on drug exposure
within the treatment arm is not randomized and therefore
the important baseline factors and disease characteristics
between Q1 and the control arm might not be balanced.
The sample size differences between Q1 subgroup and the
entire control arm might also bias the analysis.
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Case-control matching balances the distribution of
baseline risk factors between groups. This approach aims
to identify a subgroup of subjects within the control arm
with similar/balanced baseline factors to subjects in the
Q1 group. Consequently, the efficacy outcome in this sub-
group from the control arm is compared to that in individ-
uals from the Q1 group.

This type of analysis is not merely an academic exer-
cise; it has been used by the FDA to support regulatory
decisions. The analysis by Wang et al. was implemented
for patients with mGC to compare the survival of patients
treated with trastuzumab and fluoropyrimidine and cis-
platin (FC) versus patients who received FC only."! The
purpose of this analysis was to reduce the bias introduced
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FIGURE 2 DAGs. (a) The initial DAG representing the causal relationship between avelumab dose, exposure, relevant covariates, and
OS. Baseline albumin, baseline tumor burden, pre-medication, body weight, sex, tumor type, immunogenicity, and eGFR were identified
as significant covariates on PopPK parameters (CL, Q, V1, and V2). The effect of dose is mediated through Cy;yugh, c1p15- Metastatic site,
PD-L1 status, baseline hemoglobin, and baseline LDH were included as the significant contributions to the OS based on the parametric
time-to-event model. The confounding paths to the E-R relationship (i.e., variables affecting both the exposure and the outcome - mainly
baseline disease characteristics) are shown in red arrows. Although baseline tumor burden was not a significant covariate in the E-R-efficacy
analysis, its impact on OS is displayed based on the plausible relationship. (b) Intermediate DAG demonstrating a simplified representation
of causal relationships by assuming that the effect of PK parameters is accounted for through the use of individual PopPK predictions in the
E-R analyses. The impact of baseline tumor burden on OS was considered negligible based on the results of the E-R-efficacy analysis. (c)
Another intermediate DAG is represented by further assuming that the confounding effect of the four covariates affecting OS is addressed
by case-control matching. (d) This final DAG represents the direct assessment of causal effect of exposure metric (Cyyyugn, c1p15) On response

(08). CL, clearance; Cyyougp, trough plasma concentration; DAG, directed acyclic graph; eGFR, estimated glomerular filtration rate; E-R,

exposure-response; OS, overall survival; PK, pharmacokinetic; PopPK, population pharmacokinetic; Q, intercompartmental clearance.

TABLE 2 Balance of covariates before and after matching using the Mahalanobis optimal matching.

p value
Before
matching After matching
Metastatic site (nonvisceral 0.45 1.00
vs. visceral)
PD-L1 status 0.61 1.00
Baseline hemoglobin 0.54 1.00
Baseline lactate 0.24 0.84
dehydrogenase

Standardized difference
Improvement

Before in standardized
matching After matching difference (%)
10.00 0.00 100

7.30 0.00 100

7.70 0.00 100
16.20 3.20 80.25

by confounding risk factors through balancing them
between the Q1 group and the control group. After per-
forming the case-control matching, the exposure survival
analysis was conducted to compare the survival of the Q1
group to the matching control group. In that example, the
results indicated that the survival curve of the patients in
the lowest-quartile trough concentration (C,;,) of trastu-
zumab in cycle 1 mainly overlapped with the matching
control group, suggesting that these patients did not ben-
efit from the addition of trastuzumab to FC. This finding
supported the FDA recommendation on conducting post-
marketing trials to investigate whether higher dose in-
creases trastuzumab Cy.oqp, levels and increases 0s.*

In another study, case-control matching analysis was
reported to compare the progression-free survival and OS
of trastuzumab emtansine (T-DM1) versus capecitabine
plus lapatinib (control) in previously treated human epi-
dermal growth factor receptor 2-positive advanced breast
cancer using data from the EMILIA study.'* Various ex-
posure metrics including model-predicted C,,;, and AUC
as well as observed AUC and maximum plasma concen-
tration were tested in this analysis. The results indicated
that the E-R relationships were most likely confounded by
both the patients’ baseline risk factors and the choice of
exposure metrics that was used in the analysis.*

In another work, the case-control matching was used to
investigate the effect of time-varying clearance of nivolumab
on disease dynamics and further E-R analysis.** To perform
case—control analysis, patients in the treatment arm were di-
vided into four quartiles by drug exposure which later were
matched with the subjects extracted from the control arm.
Three different exposure metrics were used (average con-
centration at steady-state, average concentration at cycle 1,
and trough concentration at cycle 1), each of which resulted
in different E-R conclusions. Using the case—control match-
ing approach and balancing the distribution of baseline risk
factors across the exposure quartiles, it was concluded that
early exposure metrics (after the first dose) are less con-
founded by differences in prognostic factors and the E-R re-
lationship appeared much flatter.*

In this work, causal DAGs were used to evaluate the re-
lationships between dose, exposure metrics, potentially
influential covariates, and the efficacy outcome. The DAG
represents an explicit representation of the causal assump-
tions governing the interplay between exposure and outcome.
It was also used to represent the simplifying assumptions
from a complete DAG to a final one enabling causal assess-
ment of the relationship between avelumab exposure and
OS. These DAGs were helpful in elucidating potential biases
and approaches to simplify or address these biases."
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FIGURE 3 Kaplan-Meier curves
o for the lower exposure quartile (Q1) and
" Median Overall Survival (95%¢l) higher exposure quartiles combined (Q2-
month 4) and the matched control and remaining
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— Qi-control match 12.1(9.97-17.2) control groups. CL, confidence interval;
. — Remaining-Avelumab 24.1(19.97-NE) .
0.5 — Remaining-control 17.4(14.14-26.9) NE, not estimated.
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Hazard ratio (95%Cl)
Q1 vs Ql-control match 0.73 (0.48-1.11), P= 0.152
R ining avel bvsr ing control 0.70 (0.53-0.92) , P=0.012
0001 *NE: Could not be estimated
0 6 12 18 24 30 3
Time (months)
Q1-Avelumab 82 60 36 20 8 3 0
Q1-control match 82 61 37 20 8 1 1
Remaining-Avelumab 246 217 152 96 42 1 3
Remaining-control 219 173 96 52 28 10 0

Numbers at risk

The selection of the case—control matching method to
optimize the matching process as well as the criteria for
which covariates to include in matching are still contro-
versial topics and were not well-described in the published
works mentioned above. In our analysis, we included the
covariates that were significant contributors to the effi-
cacy outcome (OS) in a parametric TTE analysis. To define
the distance measure, we investigated both the propensity
score and Mahalanobis that are most frequently used in
the literature. The main difference between these two dis-
tance measures is the approach of weighing covariates. In
propensity score matching, the covariates are not equally
important, meaning covariates that have a stronger re-
lationship with the treatment group, are weighted more
heavily than covariates that have a weaker relationship
with the treatment group21; whereas Mahalanobis dis-
tance matching equally balances all covariates.

In general, Mahalanobis performs better with few
numbers of covariates to match on, especially with nor-
mally distributed covariates, whereas the propensity
score method relies on the estimated propensity score for
matching, rather than the distribution of the covariates."’
However, determining the best distance measure for each
dataset relies on the evaluation of the match quality after
the matching process is performed.

After using each distance measure and matching
methods, the percent improvement in standardized dif-
ference was calculated for each covariate. The selected

optimal matching method worked well in reducing the
standardized difference of covariates for all the covari-
ates, resulting in 100% improvement for three covariates.
This is probably because the size of the control arm was
large enough to find the matches for the Q1 of expo-
sure. In addition, the calculated p value demonstrated
an increase after matching which is indicator of less sig-
nificant difference between the two groups (i.e., better
balance after matching). Similar to what was reported by
Wang et al.,'" the p value of “1” was achieved for most
of the covariates in our analysis after the matching ex-
cept for one of them (baseline LDH). This difference is
likely due to matching to both categorical and continu-
ous variables in our analysis versus solely on categorical
variables by Wang et al. To check this hypothesis, our
analysis was repeated again, this time including only cat-
egorical variables and the result showed p value of “1” for
all the covariates similar to Wang's work. After adjusting
for the four baseline risk factors by case-matching analy-
sis, the OS curve for patients in the Q1 subgroup was sep-
arated from the matched control group indicating that
the patients (even being in the lowest avelumab exposure
group) are drawing benefit from treatment compared to
the matched control group. These types of E-R analyses
may guide the use of biologics in different patient sub-
groups. This information can be helpful for the patients,
prescribers, and payors as they navigate different treat-
ment options.
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One of the challenges in implementation of case-
control matching methods for E-R analyses is dealing
with the small sample sizes. For example, the total num-
ber for the control arm in this example is 320 patients,
which may not be large enough for adequate matching.
However, the ratio of the control group sample size com-
pared to the treatment group sample size (e.g., ratio=4
[320/82] in the avelumab example) could be more influ-
ential in matching than the total sample size.”* In gen-
eral, it could be challenging to tease out the effect of
sample size and control-to-treatment group ratio because
the initial difference in the distribution of covariates be-
tween treatment and control groups heavily influences
whether or not adequate matches can be found. Real-
word evidence/real-word data can be potentially used to
build a larger and richer analysis dataset to capture the
data that are not collected in the context of conventional
randomized controlled trials and improve the case-
control matching performance.

In conclusion, the case-control matching method was
implemented in our E-R analysis to build a dataset includ-
ing the patients from both the treatment and control arms
with similar baseline characteristics. Given that this anal-
ysis is based on one dose level, case—control analysis may
be still confounded leading to apparent E-R and the anal-
ysis is not suitable to draw inferences regarding optimal
dose of avelumab but rather the purpose of the analysis
here is to show that avelumab is providing benefit in low
quartile group compared to matched patients in the BSC
arm. The use of case-matching can be an important tool to
reduce the bias in oncology E-R analyses that, despite its
wide utility, are susceptible to being confounded.
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